This paper contributes to the growing literature that identifies and measures the impact of social context on individual economic behavior. We develop a model of housing demand with neighborhood effects and neighborhood choice. Modelling neighborhood choice is of fundamental importance in estimating and understanding endogenous and exogenous neighborhood effects. That is, to obtain unbiased estimates of neighborhood effects, it is necessary to control for non-random sorting into neighborhoods.
Introduction
U.S. income inequality in the 1990s has led, among other reasons, to a new concern with measuring the impact of social context on economic behavior, often referred to as "social effects." One important component of social effects is the impact of one's place of residence, or neighborhood effects. Desirable social interactions and beneficial local community "social capital" are known to be features of neighborhood or residential communities. The rich may keep getting richer because they benefit from a better social environment than do poorer individuals.
Decisions about whether or not to move, where to locate and how much housing to consume will be influenced generally by a perception of the behavior and characteristics of current and potential neighbors. The link between place of residence and economic outcomes as an explanation for the persistence (and even increase) of income inequality in the U.S. is a popular area of both theoretical and empirical research. Yet, we still do not understand fully the decision of where to live and the factors households typically take into consideration in making this decision.
The results of this research have important policy implications. For example, affordable housing policy has evolved from the time when huge complexes were built in poor parts of U.S. cities to a contemporary interest in such policies as housing vouchers and the requirement that, in many affluent towns and cities, a certain percentage of the total housing stock must be affordable housing. This evolution of policy thinking is consistent with the idea that neighborhood effects are important determinants of economic wellbeing. The affordable housing experiment that is known as "Moving To Opportunity" [ Katz et al. (2000) ] is a specific example of a program that attempts to measure the impact of households that move from poor neighborhoods to more economically advantaged areas.
In this paper, we emphasize the role of neighborhood effects in influencing households' residential location decisions and how such decisions affect, in turn, neighborhood effects. We extend our earlier work [ Ioannides and Zabel (2000) ], where we estimate a model of housing demand with neighborhood interactions, to allow for neighborhood choice. We estimate this new model by utilizing a unique household-level data set that has been augmented with contextual information at two different levels ("scales") of aggregation. One is at the neighborhood cluster level, of about ten neighbors, with data from a special sample of the American Housing Survey (AHS). A second level is the census tract, to which the dwelling units in the above sample actually belong. Tract-level data are available in the Summary Tape Files (STF3) of the decennial Census data. We merge these two data sets by gaining access to confidential data of the U.S. Bureau of the Census.
Our utilization of micro data allows us to implement recent methodological advances in the econometrics of interactions-based models [ Brock and Durlauf (2001) ]. Our approach sets out to complement several other studies, notably the recent papers by Epple and Sieg (1999) and Epple, Romer, and Sieg (2001) , who use community-level data for the Boston MSA in 1980 . Nesheim (2001 uses micro data from the National Educational Longitudinal Study of 1988 and treats the choice of neighborhood as a continuous decision identified by the mean education in one's neighborhood. Ioannides and Zabel (2000) find strong evidence of both endogenous neighborhood effects, that is of individuals' caring about the decisions of their neighbors, and of exogenous neighborhood effects, that is of individuals' caring about the socioeconomic characteristics of their neighbors. We study housing demand by treating members of small neighborhoods, to be referred as neighborhood clusters, as groups of interacting agents. Under the Nash equilibrium assumption, each individual takes neighbors' decisions as given. Individuals who have chosen to reside in the same neighborhood cluster are likely to have correlated observable and unobservable characteristics. Unless one understands how individuals choose where to locate, little can be known about the distribution of unobservable factors across neighborhoods. Some of these factors may be important in human capital formation and responsible for the creation and maintenance of social capital. Such factors imply dependence among neighbors' housing consumption decisions and among their unobservable individual characteristics.
In the present paper we extend our earlier work to account for neighborhood choice and housing demand as joint decisions in the presence of neighborhood effects. We model the choice of neighborhood by identifying it with the choice of community as represented by a census tract. Census tracts constitute geographical areas of about 5000 inhabitants that are defined so as to be relatively homogeneous in regard to the characteristics of their population. Our modelling decision is influenced by a whole host of factors, including the fact that information about neighborhood clusters is not generally available outside the particular sample of the AHS that we utilize, while descriptive information is widely available about census tracts from the U.S. Census. Conditional on location in a census tract, individuals choose how much housing to consume. In doing so they recognize that they would be in close proximity to a small number of other households, whose characteristics and decisions may affect their own choices. It is in this sense that small groups of nearest neighbors are treated as groups of interacting agents.
We start by describing the data in Section 2 of the paper. In Section 4 we discuss additional aspects of the data, including the construction of the house price index and the estimation of permanent income for households, both of which are required by the estimation of the housing demand model. We develop our model of neighborhood choice and housing demand in Section 3.
We also address there some important methodological issues that arise because of the limitations of our data set. In particular, since we do not observe samples of clusters in each census tract, except for those that we use to estimate the demand model, we cannot estimate the choice of neighborhood cluster conditional on tract choice. This means we cannot estimate directly an important component of the neighborhood choice model, that is the inclusive value in the second stage of the census tract choice model. Therefore, we utilize information in the data on the distributions of variables within tracts to develop proxies for the inclusive value that derive naturally from the behavioral model that are consistent with the methodological framework in McFadden (1978) . Also, we only observe where individuals actually reside and not alternative tract choices. We rely on a result by McFadden (1978) that shows that consistent estimates can be obtained, when alternative tract choices are not observed, by randomly choosing from the full set of census tracts in the metropolitan area where a household resides. We also lay out the econometric methodology that allows us to obtain consistent estimates of the housing demand equation conditional on tract choice. This results in the inclusion of eleven (one for each tract in the choice set) sample selection correction terms in the housing demand equation. We implement a new result in Brock and Durlauf (2001) that provides valid instruments for identifying the endogenous neighborhood effect. In sum, our estimates of neighborhood effects utilize information on households' choices of neighborhoods and of the quantity of housing and rests on methodology that is firmly grounded in the modern theories of interactive discrete choice and of interdependent preferences.
We present the estimation results in Section 4. Our results for the neighborhood choice model show that individuals prefer to live near others like themselves. This can perpetuate income inequal-ity since those with the best opportunities at economic success will cluster together. The results for the housing demand equation are similar to those in our earlier paper [ Ioannides and Zabel (2000) ], where we find evidence of significant endogenous and contextual neighborhood effects.
The AHS Data
We start with a discussion of the data because its special features motivate our theoretical approach and our estimation procedure. The main data source used for this study is the national version of the American Housing Survey (NAHS). The NAHS is an unbalanced panel of more than 50,000 housing units that are interviewed every two years. It serves as the basis for most U.S. housing statistics. The NAHS contains detailed information on dwelling units and their occupants through time. This information includes the current owner's evaluation of the unit's market value, structural characteristics of dwelling units, and self-reported information on the house's current occupants.
In 1985, 630 dwelling units, which will be referred to as kernels, were selected at random, and up to ten nearest housing units, to be referred to together with the kernel as neighborhood clusters, were interviewed. Additional observations from larger clusters were added, making the total number of clusters equal to 680, yielding a data set of 7,350 housing units. This procedure was repeated in 1989, when 769 kernel units were selected, and in 1993, when 1018 kernel units were selected. Additional units in existing clusters were included in 1989 to reflect additional units that had been added within the perimeter of the 1985 "neighborhood." By 1993, a maximum of 20 neighboring units were allowed per cluster. 2 The result is an unbalanced three-wave panel of dwelling units. Tables 1-5 in Ioannides and Zabel (2000) provide extensive details on the structure of the data, including observation counts on new clusters, new households and new units, etc., and their geographic distribution. 3
By working with this special subsample of the NAHS, we generate a data set that includes information on the value and characteristics for all dwelling units in the cluster. The owner-2 We are grateful to Barbara T. Williams, U.S. Bureau of the Census, for this clarification. 3 How good is this definition of a neighborhood in the form of clusters of dwelling units, as employed by the AHS? It is obviously appropriate for apartment buildings in densely developed US neighborhoods. Support for suburban communities comes from Gans (1967) , a classic study of suburban social structure:
Neighboring rarely extended more than three or four houses away in each direction, so that the functional neighborhood usually consisted of about ten to twelve houses at the most, although people did say hello to everyone on the block . Gans, op. cit., p. 156, as quoted by de Souza Briggs (1997) 
occupant's characteristics that we work with include, in particular, the owner's years of schooling, whether the owner is white, whether the owner is married, the number of persons in the household, household income, and whether the house has changed hands in the last five years. For each survey, owners are asked to estimate how much their property (and, in addition, its lot, if appropriate) would sell for if it were for sale. Goodman and Ittner (1992) and Kiel and Zabel (1999) find that while, on average, owners over-estimate their value by 5%, this bias is not systematically related to the observed characteristics of the owner, house, or neighborhood.
Since there typically are few clusters in a given MSA, we need to base our model of neighborhood selection on the choice of census tracts. Access to the confidential version of the NAHS provides information that allows us to identify the census tract in which each dwelling unit in the public version of the AHS is located. Census tract characteristics are available in the Summary Tape Files (STF3) for the decennial Censuses. They include demographic information such as the median household income, structural characteristics such as the median number of bedrooms, mobility information such as the percent of households that moved in the last five years, and tenure and vacancy statistics. There is also information of the distribution of a number of these variables. This is crucial for our estimation procedure, as we discuss further below. We merge the information from the 1980 and 1990 STF3s with the AHS data by census tract. We interpolate and extrapolate from the reported averages of the 1980 and 1990 STF3 data to create the tract variables for the 1985, 1989, and 1993 surveys.
An observation on a dwelling unit from the AHS in 1985, 1989, and 1993 is included in our sample only if it: is associated with a regular occupied interview, is owner occupied, lies in a metropolitan statistical area (MSA), is valued by the owner at least $10,000, and is not missing any information on unit, occupant, or census tract characteristics that are included in our analysis.
Since we are using the information about the neighbors to measure neighborhood effects, we require that there be at least four other dwelling units in the cluster after the above selection criteria have been employed. This reduces the number of observations for 1985, 1989, and 1993 to, respectively, 1747, 1954, and 2671 . The 764 neighborhood clusters included in our analysis are the result of pooling over the three waves of the data. There are, on average, 8.3 observations per cluster, located in about 100 MSAs. The full frequency distribution of cluster sizes is given in Table 2 .
Additional information on the distribution of clusters across the three years is given in Tables 1-5, Ioannides and Zabel (2000) . The names and summary statistics for the key variables used in the present study are given in Table 1 , for the AHS data, and in Table 3 , for the census tract data. Table 3 compares descriptive statistics of the key variables for the census tracts where households are observed to reside with those for the ten randomly chosen tracts.
Choice of Neighborhood and Housing as Joint Decisions
Choice of neighborhood is an important decision that reflects many considerations, of which housing is a key element. Some neighborhood amenities are truly exogenous factors. Others, however, such as the ambience of a neighborhood, not only are endogenous but are hard to measure or may be truly unobservable. They may, in part, reflect who chooses to reside in a particular neighborhood and therefore will be correlated with the socioeconomic characteristics of neighbors. Since neighborhood choice is not random, it is important to know what are the key determinants of individuals' neighborhood selection. In addition, since locational quality as evaluated by households is likely to reflect their observed and unobserved characteristics, accounting for neighborhood selection is important in order to obtain unbiased estimates of the parameters in the housing demand equation, especially when it includes neighborhood effects as regressors. The present paper thus models neighborhood choice and housing demand as joint decisions, where neighborhood choice is discrete and housing demand is continuous. This is in contrast to Nesheim (2001) , who uses a continuous notion of neighborhood, and to Ioannides and Zabel (2000) , who take neighborhood choice as given and estimate a model of housing demand with neighborhood effects.
Our approach is designed to utilize available public data that have been augmented with confidential U.S. Census data. The public NAHS data contains information on dwelling units and their inhabitants and also allows us to identify those that belong to small groups of about ten nearest neighbors, the members of neighborhood clusters in the terminology of this paper. We identify the discrete choice of neighborhood via the choice of census tract within a particular metropolitan area, both of which are observable in our augmented data.
The Preference Structure
We assume that a household h that is considering occupying a dwelling unit that belongs to neighborhood cluster k, k = 1, . . . , N s , in tract s, s = 1, . . . , S, would enjoy utility Ω skh , that is made up of two additive components:
The first component, V skh , is a conditional indirect utility function, that is specified below as a function of price and income, and of additional observable and unobservable characteristics of individuals residing in neighborhood cluster k and of the census tract s in which k lies. The second, skh , is a random component of utility, drawn from a distribution that is specified below, that affects neighborhood choice and is assumed to be observable by the individual and unobservable by the econometrician. This model adopts some of the features of Dubin and McFadden (1984) .
We specify the conditional indirect utility function in (1) above as
In this definition of V skh , 4 ζ h , α, µ, δ, ξ, β, and γ are preference parameters. Component ω skh is it- 4 We may rationalize the emergence of such preferences as those represented in Equ. (3) as follows. Individual h cares about the quantity of housing services indirectly produced by characteristics of her property i in tract s, qi, and by attributes of the neighborhood where it is located, x s . Let direct utility depend on composite nonhousing consumption, c h , and on the consumption of housing services, which are indirectly produced by (q i x s ), and on own demographic characteristics that might affect preferences, z h , and on the vectors of housing consumptions in the neighborhood, y n(h) [ Pollak (1976) ], and of (observable) demographic characteristics of neighbors, z n(h) ,
Assuming a static setting an individual chooses how to allocate her income I h to nonhousing consumption, c h , and housing consumption indirectly through choice of (qi, gs), subject to
where nonhousing consumption is the numeraire, P (q i , x s ; y n(h) , z n(h) ) denotes the hedonic price function as a function of the corresponding vector of characteristics, (q i , x s ). Neighbors' consumption and socioeconomic characteristics, (y n(h) , z n(h) ), are taken as given (that is, given neighborhood choice) and only (q i , x s ) are subject to individual choice.
Given patterns of development in U.S. cities, one must account for the fact that (qi, xs) are not chosen independently of (y n(h) , z n(h) ). In other words, certain combinations of structural characteristics and neighborhood attributes may typically be found in neighborhoods inhabited by households with certain socioeconomic characteristics. Nonetheless, from the viewpoint of an individual consumer it is appropriate to think of a choice set defined in terms of bundles of goods that are freely varied by individual choice, such as interior structural characteristics of dwelling units, and neighborhood socioeconomic characteristics and decisions, which are treated as quasi-fixed by individuals.
Such a "mixed" indirect utility function is akin to those used in public economics to express externalities and in consumption theory to express quasi-fixed components of the consumption bundle.
self defined as the maximum value of a direct utility function, subject to a budget constraint, with respect to housing and nonhousing consumption. The conditional utility function is thus specified as a separable function of tract-specific characteristics that are independent of the characteristics of housing choice, g s , and of price, p s , individual income, I h , and a vector of own demographic characteristics that affect preferences, z h . The conditional utility function is also affected by neighbors' decisions and characteristics, neighborhood effects, on preferences by being specified as conditional on general functions, Π y (·) and Π z (·), of the vectors of one's neighbors' housing consumption, y n(h) , and of neighbors' socioeconomic characteristics, z n(h) . We define housing consumption to be the continuous flow of services that comes from the dwelling structure and the neighborhood amenities associated with the dwelling's location.
The terms υ k and η h on the right hand side of (2) are random variables that are assumed to be unobservable by the analyst but observable by individuals. The former is a specific characteristic of neighborhood cluster k, that is considered as independent and identically distributed across neighborhood clusters within each census tract but assumed to be observed by all those households that evaluate cluster k and is thus common among them; the latter is an individual household characteristic that is independently and identically distributed over all individuals. As we discuss further below, υ k will stand for a cluster-specific random effect and η h an i.i.d. stochastic shock that make up the error component of the housing demand equation.
Note that the tract-specific term ζ h g s is specified as individual-specific. That is, we allow preferences for tract characteristics to vary across individuals. This allows, for example, a household with children to put a different weight on school quality than a household with no children, or a household of a given ethnic background or race to value the presence of neighbors of the same ethnic background or race differently that those from different ethnic backgrounds or races. Using Roy's identity, y = − ∂Ω ∂p / ∂Ω ∂I , with the utility function (1) yields the housing demand function for household h conditional on census tract s and neighborhood cluster k:
Notice that differentiation of Ω skh with respect to p s and I h , as required by Roy's identity, eliminates the terms ζ h g s and skh , that is, the tract-specific observable and unobservable components of utility.
Those components will play a role in the neighborhood choice stage of the problem. Below, we specify the stochastic structure in further detail.
Invoking the terminology of Manski (1993) , we say that the term βΠ y y n(h) on the RHS of (3) Imposing neighborhood Nash equilibrium within the neighborhood cluster requires considering a simultaneous equations system along the lines of (3), with an equation for each of the members of neighborhood cluster k. The simultaneity is evident by the presence of y n(h) , the vector consisting of housing demands by an individual's neighbors, all of which are endogenous variables, on the RHS of (3).
In the context of housing demand, the endogenous effect expresses a notion of "keeping up with the Joneses," whereby individuals view their neighbors' decisions about maintenance, repair, renovation, and additions and will strive to keep up by making similar decisions and in accordance with their own preferences. The contextual effect arises as a matter of taste or when owners view their neighbors' characteristics, e.g. income, as a signal of their future housing consumption and thus alter their own housing consumption accordingly.
Neighborhood Choice
Specification of the stochastic structure of skh in Equ.
(1) allows us to model the choice of neighborhood as a discrete choice [McFadden (1978) ]. The probability that individual h chooses 5 We note that even if the term γΠz z n(h) might not be assumed as a direct contextual effect, it would show up in a reduced-form, as a result of the presence of the endogenous social effect in the structural form.
tract s h , from among s = 1, . . . , S, and neighborhood cluster
given by the probability that actual utility from this choice exceeds utility from all other choices:
We note that, according to (3), the term e −δp s is common across all census tracts an individual considers because the price p s is MSA-specific. Therefore, the term η h e −δps cancels out for all comparisons of alternative clusters because they all belong to the same MSA. The term (
however, does not cancel out. Therefore, neighborhood choice is determined by and introduces dependence among observations for individuals who choose to locate in the same neighborhood cluster. This not accounted for directly in the neighborhood choice model. The interdependence of neighbors' demands, however, does receive a lot of attention below.
Under the assumption that the skh 's are independently and identically extreme-value distributed across all census tracts and all neighborhood clusters within them, the choice probabilities are given by the multinomial logit model (MNL):
A problem with applying the MNL model is that skh is unlikely to be independent across alternative residential choices. In particular, alternative cluster choices within the same census tract will include common tract-level unobservables that will cause their error terms to be correlated.
Define the set C s , s = 1, ..., S to be the set of clusters in census tract s and let N s = |C s |.
One can think of a hierarchical structure where the C s 's constitute one level and the census tracts another. At the lower level, that is conditional on a tract, characteristics of clusters within a tract that are reflected in the skh 's are assumed to be correlated. At the higher level, characteristics of clusters across census tracts are assumed to be uncorrelated. Also, conditional on the choice of a census tract, the cluster choices are assumed to be independent. 6 Such a structure is the basis for the nested multinomial logit (NMNL) model.
Under the assumption of a NMNL structure for the skh 's, the dependence of choices over a set of k = 1, . . . , N s alternative clusters within tract s may be described in terms of a parameter The first stage of the standard estimation strategy for the NMNL model is to estimate the cluster choice model conditional on census tract choice using MNL. Let T s denote the tract-specific inclusive value associated with the choice process over N s neighborhood clusters within tract s by individual h :
The probability of individual h's choosing tract s h from her choice set, s = 1, . . . , S h , becomes:
As part of this first stage one estimates the inclusive value based on the results of the cluster choice model and substitutes this into the tract choice equation (7). The second stage involves the estimation of the tract choice equation using MNL. A particular problem is that, due to the nature of the NAHS data, we do not observe multiple clusters in a given census tract. Thus we need to devise an alternative estimation procedure for the inclusive value. In doing so, we take a lead from McFadden (1978) , p.91-95, regarding aggregation and the treatment of similarities.
The critical step in our procedure relies on the observation that, by the law of large numbers, when the number of neighborhood clusters N s → ∞, the RHS of (6) may be written in terms of the joint moment generating function of the multivariate distribution of cluster-specific variables 7 This is a special case of the generalized extreme value distribution [ McFadden (1978; 1981; 1984) ]. The NMNL structure may be conveniently described in terms of the so-called generating function
This leads, in turn, to a concise description of the overall indirect utility function, as the optimum value of utility associated with the discrete decision problem [ McFadden (1978) , Theorem 1, Corollary, p. 538 ], which in our case encompasses the continuous part, as well. We return to this further below.
(y n(h) , z n(h) ) within each tract. 8 To see this, assume that z is a scalar and (y, z) are joint normal 
where the auxiliary variables B and Γ are defined as functions of parameters and of the price,
An assumption of "spatial uniformity" (which we think is an appropriate assumption in view of the way tract boundaries are drawn in the U.S.) allows us to identify the mean of each cluster-specific mean with the respective tract-specific mean. Also, we have information about the distributions of a number of tract-level variables including individual and dwelling characteristics that we use to approximate σ 2 y and σ 2 z . There is also some limited information about the joint distribution of some of the tract-level variables that we can use to approximate ϑ. Alternatively, T s may be computed non-parametrically from the frequency distributions available in STF3. Both the exact approach using the the moment generating function for a multivariate normal distribution of contextual variables within each tract and the semi-parametric approximation using reported frequencies constitute innovative uses of these data. Our approach subsumes the choice of clusters into the choice over census tracts.
To summarize, our strategy for the neighborhood choice model is to estimate the census tract choice equation (7), with the inclusive value for each of the tracts in an individual's opportunity set,
, being given by (6) (or by (8), as appropriate). We note that this uses the frequency distributions of the tract-level variables to approximate the inclusive value associated with considering alternative neighborhood clusters within each tract and therefore subsumes the neighborhood choice model within tract choice. We may concisely describe the value to the individual from the choice process, that is the overall unconditional expected indirect utility function, as:
where T s is given from (6) (or by (8), as appropriate) and P s from (7), respectively. We underscore that the definition of the inclusive value above subsumes the random component associated with the evaluation of each cluster, υ k e −δp s .
Conditional on choice of tract according to (7), the cluster choice equation still holds. It implies, in particular, that different households that choose to locate in the same cluster have also chosen to locate in the same tract (by definition). They have done so after having obtained the same evaluation for the cluster they have chosen, which is represented by υ k e −δps . Unfortunately, this effect is not identifiable and we proceed to ignore it in the discrete choice part of the problem.
The next problem we confront is how to estimate the tract choice equation given that we have no information about which neighborhoods (either at the level of clusters or of tracts) households have considered before they decided to locate where we observe them. As a first approach, we have implemented an overlooked [ but see Quigley (1985) and Blackley and Ondrich (1988) , for
two exceptions ] suggestion of McFadden (1978) , that the discrete choice model may be estimated by generating a random sample of alternatives from the full choice set (which may be unobserved).
Consistency holds provided that if an alternative is included in the assigned set, then it has the logical possibility of being an observed choice from that set [ McFadden, op. cit., [88] [89] .
Our data allow us to generate a random sample of alternative census tracts from among all those comprising the metropolitan area. For each observation in the cluster subsample of the public NAHS data, we identify (using confidential U.S. Census data) the tract where it belongs and choose randomly ten tracts, from among the universe of tracts in the respective metropolitan area, which we define as the relevant housing market. Table 3 juxtaposes summary statistics for the actual census tracts in which our AHS observations lie with those for the ten randomly selected tracts. Generally, the sample statistics are similar for the two groups. We estimate a discrete choice model, Equ. (7), where individual h chooses the tract where he resides out of a set of S h = 11 tracts that have been chosen randomly from the metropolitan area. We use as regressors tract-level characteristics, on their own and also interacted with individual characteristics. We also include individual variables interacted with quantiles of the distributions of tract-level variables to proxy for the inclusive value.
Continuous Choice
The discrete and continuous choices modelled here cannot be stochastically specified as independent of one another. Both contribute to the estimation of the behavioral parameters (α, β, γ, δ, ζ, ξ, µ) and of the stochastic structure σ, σ 2 υ , σ 2 η . If we were to ignore the choice of the neighborhood in estimating the demand model, unobservable elements of the choice problem will affect the consistency of the estimates. Correcting for sample selection bias associated with neighborhood choice is, in and of itself, an important element of the impact of neighborhood effects.
The behavioral model allows for indirect utility, conditional on neighborhood choice, and therefore housing demand as well, to reflect endogenous and contextual neighborhood effects. In specifying such an indirect utility function, we are careful to allow for dependence that is not eliminated by differentiation with respect to price and to income when Roy's identity is applied to obtain housing demand. As Dubin and McFadden (1984) note, the additive shock η h that is assumed to be present in the demand equation (3) and may be correlated with the unobserved components of utility, skh , must be multiplicatively separable from a function of the housing price in the conditional indirect utility function. This requirement has guided our selection of functional forms and the parameterization of the stochastic structure.
The mean of skh , conditional on alternative s h being chosen according to the MNL model, is
given by:
where P s is the probability of choosing tract s, given by (7) and the distribution of s is given by
and has unconditional mean zero and unconditional variance equal to 
The mean of η h , conditional on choice s h is (for the case of the MNL model)
where 
A Model of Housing Demand, Neighborhood Effects and Neighborhood Choice
We now incorporate the model of neighborhood selection into our model of housing demand with neighborhood effects. We correct for sample selection bias in the standard fashion by writing
where ψ h is white noise. We thus have:
where the explicit form of the sample selection bias correction term is given in equation (13), and endogenous and contextual effects have been specified in terms of the mean of neighbors' housing demand and characteristics, that is, y n(h) and z n(h) , respectively. Thus, we first estimate the neighborhood choice equation (7) and use the results to estimate the sample selection bias correction terms included in (14). This allows us to obtain consistent estimates of the parameters in the housing demand equation. 10
Rapaport (1997) estimates a model of housing demand and community choice, without the neighborhood effects, and finds that accounting for community choice makes a big difference in her estimates of the parameters in the demand equation.
Identification of Neighborhood Effects in Housing Demand with Self Selection
As is clear from the housing demand equation, the endogenous social effect y n(h) is correlated with the error term since it includes the unobserved cluster effect, υ k . Thus we must instrument for y n(h) .
As Manski (1993) shows, valid instruments can be difficult to find. Our model of neighborhood choice and housing demand results in a natural set of instruments. As Brock and Durlauf (2001) show, identification of neighborhood effects is enabled by selection bias correction, precisely because in "order to achieve identification, one needs an individual control whose neighborhood average is not a contextual effect" [ ibid., p. 41 ]. This is exactly what selection bias correction introduces into the estimation problem. Using the housing demand equations for all members of a cluster as a system to solve for y n(h) , the cluster means of the sample selection terms arise naturally as identifying instruments:
where E[η h |s = s h ] denotes the means of the selection correction ( "Heckman" ) terms for individual h's neighbors, given by (13), η n(h) is the unobserved error term, and the neighbors' mean income
Another source of instruments comes from placing our model in the context of the hedonic theory of housing markets. In particular, we include the means of the structural characteristics of neighbors' dwelling units as instruments. While one might question the validity of the own structural characteristics as instruments, it should be noted that our instruments are the means of one's neighbors which do not include one's own values. We can test for the validity of these instruments using an over-identification test. Ioannides and Zabel (2000) do so and do not reject the exogeneity of these instruments. Note that this test requires that one assume that at least one of the instruments is exogenous. This condition is satisfied in this paper. That is, the means of the neighbors' Heckman terms are exogenous by construction, and therefore, we can test for the exogeneity of all the neighbors' structural characteristics.
In contrast to our model of neighborhood choice when objects of choice are census tracts and contextual effects are appropriately described in terms of the distributions of characteristics within census tracts, our demand model reflects the assumption that each individual knows her neighbors, and demand is a spatial autoregression with correlated cluster specific effects. This can be handled, in principle, but it is not a feature of standard packages. If, on the other hand, we were to assume that the endogenous effects are through the expected consumption of one's neighbors (relative to some information set that needs to be specified), then the individual cluster-specific effects are independent across individuals, and the model is therefore easier to estimate.
The contextual effects included in the part of the indirect utility function (1) that affect housing demand comprise the socioeconomic characteristics of one's neighbors. It is possible that other actions of neighbors, such as those associated with social capital enter housing demand. Such considerations lead us to recognize that social capital itself may be endogenous and therefore reflects the characteristics of those who decide to locate in different neighborhoods. New issues of identification do arise, in which case the treatment of Durlauf (2001) is particularly apt.
Estimation
In this section, we estimate the model of neighborhood choice and housing demand, represented by equations (7) and (14). We first discuss two auxiliary estimation tasks that are necessary for estimating the main model. Subsection 4.1 presents the construction of a house price index that is appropriate for our model. Subsection 4.2 follows with a description of our estimates of permanent income. We then turn to the estimation of the model which we carry out in two steps: first, we estimate the neighborhood choice model; second, we use the results of the neighborhood choice model to correct for selection bias and estimate the housing demand equation.
A House Price Index
Estimation of housing demand requires knowledge of the price of housing. The definition of a house price index must be appropriate to the relevant housing market and to the definition of the good and therefore is an important concern of housing research. We have modelled housing demand in terms of a continuous scalar quantity that represents the flow of housing services from both the structure and the neighborhood in which the unit is located. The price of housing is thus the price for a unit of housing services, which is unobserved. We invoke a standard assumption in the housing literature and assume that the market for housing is the MSA. Thus, there is one price per MSA [
Zabel (2002) ].
Recall that the clusters data in our sample come from 100 different MSAs for the years 1985, 1989, and 1993 . We were unable to find a price index that covered all 100 MSAs for these three years. A number of methods have been used to obtain the price of housing services. One common approach is to estimate a hedonic house price function, P (q i , x s ; y n(h) , z n(h) ), as a function of the corresponding vector of structural characteristics of dwelling units, q i , of neighborhood attributes,
x s , and of neighbors' consumption and socioeconomic characteristics, (y n(h) , z n(h) ). In a recent paper, Sieg et al. (2001) classify price indices that are based on hedonic regressions into two types:
one involves statistical composite commodities and computes the price of a "standard" dwelling unit across markets; the other involves a market-specific scaling factor relative to the price of an "average quality" dwelling unit in the market. 11 Our approach allows for the value of an average quality house to be calculated for different geographical areas that can be used to generate an index of relative house prices. That is, we estimate a hedonic house price model, according to Equ. (16) below, and use the estimated intercept as a house price index.
Our house price hedonic function involves expressing the log of the reported values of a dwelling unit i in census tract s in MSA j at time t, nW isjt , as a function of q isjt , a vector of structural characteristics of a unit, and of x st , a vector of neighborhood characteristics that are constant within each cluster and also over a broader geographic area that can account for factors like school quality and safety. The public version of non-neighborhood clusters subsample of the NAHS data does not include any such cluster characteristics. We make up for this by using census tract characteristics to proxy for all levels of neighborhood quality. This is made possible by our access to confidential information that allows us to identify the tracts where the individual observations of the NAHS lie.
Our use of the non-cluster data affords two advantages. One is that they make up approximately 90% of the NAHS data thus giving us a much larger data set. Second, the prices thus obtained come from a different data set than the one used to estimate the housing demand equation.
We estimate the following house price hedonic model . . . , J, t = 1985, 1989, 1993 .
The structural characteristics of a unit include the age of the unit and its square, the number of full baths, of bedrooms, and of total rooms, whether or not there is a garage and a number of additional structural quality variables (such as whether the enumerator saw cracks on walls and ceilings, broken pipes, etc.). The neighborhood characteristics include a dummy variable that indicates whether or not the unit lies in the central city of the MSA, the property tax rate, and tract-level variables that include median household income, the percent over 25 years of age who graduated from high school, and the percent of the tract population who are nonwhite.
There are 140 potential MSAs but we require that there are at least ten observations in an MSA in a given year for observations in that MSA to be included in the regression. This leaves 8603, 10083, and 8283 observations for each of 1985, 1989, and 1993 , respectively. As we clarify below we estimate the housing demand equation using the pooled data. In order for the price index to be comparable across years, we estimate the house price hedonic using the pooled data. The adjusted R 2 is 0.654. Given that we define each MSA in each year as a separate housing market, it would make sense to allow the coefficients to vary across time and space. This would lead to a very large number of parameters in the model and very few degrees of freedom in some of the MSAs. Instead, we restrict the coefficients on all variables but the intercept to be constant across MSAs. This is consistent with Mills and Simenauer (1996) who find very little variation in coefficients over time and space when they estimate a house price hedonic using national data from the House Financing Transaction Database, collected by the National Association of Realtors over the period 1986-1992.
We do allow the coefficients to vary over time (though not across MSAs) but this decreases the estimated standard error of the regression by only 0.05%. So we use the restricted model for our analysis.
The actual regression results are not reported here because they have not yet been released for disclosure purposes. We note that, as a group, the neighborhood proxies are very significant. We use the estimated MSA-specific intercepts to calculate a price index for the MSA where unit i lies, p jt =â 0jt . We set the price for Denver in 1985, the excluded MSA, to be 100 and those for the other MSAs to be 100 times the antilog of the corresponding coefficient estimate.
Estimating Permanent Income
It is standard practice to use permanent rather than current income in housing demand equations [ Olsen (1987) ; Goodman (1988) ; Henderson and Ioannides (1989) ]. Also, it is reasonable to assume that individuals are better able to predict their neighbors' permanent rather than current income given the larger fluctuations in the latter measure. We define (the log of) permanent income as the predicted value from the following model of (the natural log of) current income:
where c ht includes a cubic polynomial in age and years of education, dummy variables that indicate if the owner is married, male, Black, or Hispanic and whether or not the unit lies in the central city of the MSA. We include the same MSA dummy variables that are in the house price hedonic regressions (16) to capture differences in the cost-of-living across MSAs. We use the non-neighborhood clusters subsample of the NAHS to estimate the model of income for the same reasons that led us to use these data to estimate the price index. We estimate a separate regression for each of the three years. The adjusted R 2 's for these regressions (with the number of observations in parentheses) for 1985, 1989, and 1993 are 0.405 (17,904), 0.395 (23,610) , and 0.329 (19,038), respectively. The actual regression results have not yet been released for disclosure purposes. We then use the parameter estimates from these regressions, along with the data from the cluster subsample to estimate the permanent income variable that is included in the neighborhood choice and housing demand equations.
Estimation of Neighborhood Choice
We estimate the model of neighborhood choice according to Equ. (7). We use individual and tractlevel characteristics as explanatory variables. We select a variety of variables in order to capture possibly complicated effects contributing to the attractiveness of different neighborhoods and their amenities, especially as they pertain to human capital accumulation. We have been influenced in the selection of explanatory variables by such previous studies as Borjas (1998) , Nechyba and Strauss (1998) , Rapaport (1997), and Quigley (1985) . Overman (1999) and Quigley (1985) are the only other studies in the literature that we are aware of that use two different sources of contextual information that are hierarchically related to one another.
We estimate a number of regression models but report only two. The first model is a benchmark model that contains only tract specific variables. From column 1 of Table 4 , we see that a higher percentage of ownership in the tract, of residents commuting less than twenty minutes, and of nonwhites in the tract, and a higher median age of dwellings increase the likelihood of choosing a tract. On the other hand, a higher poverty rate, unemployment rate, vacancy rate, median income, median rent, and median age of tract residents decrease the likelihood of choosing a tract. This regression has a pseudo R 2 of 0.0734.
While these results are interesting in their own right, it is clear that preferences for such tract characteristics as those discussed above will vary across demographic groups. Thus, to control for demographic characteristics, we interact the tract-level variables with individual-level variables.
These results appear in column 2 of Table 4 . First, we create three dummy variables that indicate if the individual is in the first quartile, the middle two quartiles, and the fourth quartile of the tractspecific distribution of income as reported in the STF3 data. We interact these dummy variables with median income, median rent, the vacancy rate, and the homeownership rate. We find that the valuation of median tract income is increasing in individual income. This will actually increase the likelihood of tract choice for those in the upper income quartile. We find that the valuation of vacancy rates declines with income though it increases in an absolute sense. On the other hand while individuals positively value homeownership rates, this valuation declines with income.
We interact the tract-level race variables with the dummy variables that indicate whether the individual is white or nonwhite. For whites, an increase in the percent nonwhite will decrease the likelihood of tract choice but there is no additional effect if there is at least 50% nonwhites in the tract. For nonwhites, an increase in the percent nonwhite will increase the likelihood of tract choice and there is an additional positive effect if there is at least 50% nonwhites in the tract.
We generate three dummy variables that indicate if the individual has a college degree, at most a high school degree, and no high school degree and interact them with the percent graduated from high school in the tract (25 years of age and older). Those with no high school degree (college degree) are less (more) likely to choose a tract if the percentage of high school graduates increases.
We generate three dummy variables that indicate if the individual is in the first quartile, the middle two quartiles and the fourth quartile of the sample distribution of age. We interact these variables with the median age in the census tract. We find that the impact of an increase in the median age increase with age such that those in the first three quartiles will be less likely to choose the tract while the oldest individuals will be more likely to choose the tract.
We generate three dummy variables that indicate if the individual is in the first quartile, the middle two quartiles and the fourth quartile of the sample distribution of number of persons in the household. We interact these variables with the median number of bedrooms in the census tract. We find that the impact of an increase in the median number of bedrooms will decrease the likelihood that the smallest sized households will choose the tract while there is no significant impact for larger sized households.
These results strongly suggest that individuals like to live with others like themselves. This can perpetuate income inequality since those with the best opportunities at economic success will cluster together.
Next we add tract-level variables interacted with price, which is MSA-specific, and these variables are significant as a group. The addition of these variables is motivated by the structure of the neighborhood choice model.
Finally we include variables that characterize the distributions of the tract-level characteristics.
These terms capture the variation in clusters in each tract and proxy for the inclusive value in the tract choice model. We include tract-level variables that give the 25th and 75th percentile of income, rent and age. We also include variables that indicate the percentage of residents with 8 or less years of education, 9-11 years, 12 years, 13-15 years, and 16 or more years of education.
We include a set of variables that give the percent of housing units that are less than two years of age, between 2-5, 5-10, 10-20, 20-30, 30-40 , and more than forty years of age. We also include variables that indicate the percentage of units with 1, 2, 3, 4, or 5 or more bedrooms. These variables (interacted with individual-level variables) are significant as a whole and each group of variables is significant as well. This is the model we use to obtain the predicted probabilities that are necessary to compute the sample selection bias correction terms used in the continuous estimation model below. We are aware of the fact that the selection correction terms that we compute are obtained from a discrete choice model with extreme value disturbances but are used with a continuous choice model that is predicated on normal disturbances. However, the import of the Brock-Durlauf theory [ Brock and Durlauf (2001) ] is that it is crucial to have appropriate instruments, in order to be able to estimate the neighborhood effects model, even if they may be semi-parametric or even non-parametric. 12 It is thus behooves us to include complicated interacted variables that allows us to mimic the dependence implied by the definition of the inclusive value above. When a full complement of 87 explanatory variables are included, the pseudo R 2 rises to 0.1889, and the additional variables included over those in the estimation model reported are statistically significant with respect to the likelihood ratio test.
Estimation of Housing Demand with Neighborhood Effects
The estimation of housing demand along the lines of Equ. (14) is fairly straightforward except for the presence of endogenous neighborhood effects. As discussed in Section 3, we correct for (non-random) neighborhood choice by including an estimate of the expectation of the disturbance term conditional on census tract choice. This results in an additional eleven selection (Heckman) correction terms, one for each of the tract choices in the neighborhood choice model. The addition of these terms in the housing demand equation induces heteroscedasticity. Therefore, we report 12 We thank Steven Durlauf for this point.
heteroscedasticity-robust standard errors. The dependent variable is the log of housing demand.
The regressors include the log of house price, the log of permanent income, the number of persons in the household, and dummy variables that indicate if the owner has graduated from high school, is married, is white, and moved in the last five years. The parameter estimates for these dummy variables are suppressed for reasons of confidentiality. Generally, the results for these variables are comparable to the ones in Ioannides and Zabel (2000) . Table 5 Next, we estimate the housing demand equation with neighborhood effects using random effects, where we include the actual mean of neighbors' housing demand among neighbors as a regressor.
The associated endogenous social effect is very high, 0..8878, and very significant. We test for the endogeneity of the mean of neighbors' housing demand using a Hausman test and reject the null hypothesis that it is exogenous (p-value < 0.0001).
To correct for the endogeneity bias, we first estimate the reduced form equation for the mean of neighbors' housing demand, according to Equ. (15), using in addition to the variables in the RHS of (15) the means of the structural characteristics of neighboring units. One of the important contributions of this paper over Ioannides and Zabel (2000) is the ability to identify the model using the neighborhood means of the Heckman terms. As shown by Brock and Durlauf (2001) , these are valid instruments. These terms are very significant in the first stage regression. In our previous paper, we had to assume the exogeneity of one of the neighborhood mean structural terms that we used to identify our model. Here, the presence of the Heckman terms allows us to test for the exogeneity of all the neighborhood mean structural terms using the over-identification test.
The result is that the exogeneity of these variables is not rejected at the 1% significance level.
This provides validation for the use of the neighborhood means of the structural characteristics to identify the housing demand model with interactions in Ioannides and Zabel (2000) .
We use the results from the first stage regression to consistently estimate the model of housing demand. These results are given in column 3, Table 5 . The estimated price and income elasticities, −.3019 and .1207, respectively, are statistically very significant. While the price elasticity appears to be reasonable, that of income is surprisingly low. However, all studies that have used this particular data set consistently report low estimates for income elasticities [ c.f Goodman (1988) ]. The parameter estimates for the own socioeconomic characteristics cannot be reported here, for reasons of confidentiality, but they are not statistically significant as a group. The endogenous neighborhood effect, 0.6244, is large and highly significant. The contextual effects associated with the neighborhood cluster are not individually significant, except for income, which is .2600 and very significant, but are significant as a group. 13 In contrast to our earlier results in Ioannides and Zabel (2000), here we include as regressors the Heckman selection correction terms but they are not significant as a group. When the means of the structural characteristics of neighboring units are not used as instruments, the estimate (from regressions that we did carry out but do not report here) of the endogenous neighborhood effect, 0.8175, is again very high. Also, just as in Ioannides and Zabel (2000) , the correction of the standard errors because of the use of predicted values appears to be negligible.
The selection correction terms are significant in the regressions without neighborhood effects but not in those where such effects are included. Clearly, these terms pick up some of the unobserved components due to neighborhood choice that are part of the unobservables in the model without neighborhood effects. This suggests that the neighborhood effects we introduce in the model capture the unobserved individual factors that affect neighborhood choice.
To further probe the possible model uncertainty that may be affecting our estimates, we have also estimated the demand equation by using the structural characteristics of just one neighboring 13 An alternative way to interpret the contextual effects is through the impact of the average value of the independent variable. E.g., the total elasticity of income is equal to average of the own effect and of the neighbors' effect, appropriately weighted. This consideration does raise the estimated income elasticity.
unit as the additional set of instruments instead of the means of all neighboring units. These are the fourth set of results reported on Table 5 . We see now that the endogenous social effect is .2101, still very significant but much smaller, and the contextual effect associated with mean neighbors' income is .6088 and thus much larger, than the respective ones when the means of all neighboring units's structural characteristics are used as instruments.
The regressions we report in Columns 3 and 4 of Table 5 include random cluster-specific effects, which explain a large part of the total variance of the regression. Endogenous effects are smaller when we allow for cluster-specific random effects relative to when we do not. Therefore, the fact that different individuals are in the same neighborhood is an important part of the story, that is, even after we have corrected for neighborhood choice.
Concluding Remarks
Neighborhood choice has never before been examined at this level of detail. Here it does double duty: it is interesting in its own right and serves to correct for selection, when individuals are seen choosing their neighborhood effects via their choice of a dwelling to own and occupy. Generally, socioeconomic characteristics of neighborhoods appear to be important determinants of neighborhood choice. In particular, we find that individuals prefer to live with others like themselves. This result seems to be consistent with the observed sorting of individuals in the U.S. by income, race, and education.
Our estimates of the housing demand equation are quite similar to those of Ioannides and Zabel (2000) and do confirm that neighborhood effects are important. Neighborhood choice appears to be associated with the following differences, when it is accounted for relative to when it is not, as in our earlier results. First, there is a smaller endogenous social effect: the elasticity of housing demand with respect to mean neighbors' demand is 0.6244 instead of 0.660 in the earlier paper.
Second, there is a larger contextual effect: the elasticity of housing demand with respect to mean neighbors' income is 0.2600 instead of 0.175 in the earlier paper.
All these parameters are estimated with great precision. Recall that our procedure for accounting for individuals' opportunity sets assumes that individuals choose the census tract in which we observe them over ten census tracts that we select randomly from within the same metropolitan Note: *, ** indicate significant at the 5, 1 per cent significance levels. -indicates suppressed for confidentiality. 
